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Abstract 
The objective of this paper is to employ the GARCH (generalized autoregressive conditionally heteroskedastic) 
methodology to investigate the impact of interest rate on the information flow interpretation. The results show that the 
information flow interpretation exhibits significant difference in rising period and fluctuating period of interest rate. This 
difference would suggest that the components of volatility are subject to macroeconomic factor. Some tentative 
explanations are given. 
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1. Introduction  
The relationship between volume and volatility conveys extremely important implications for both academic 
research and market participants. All of these studies [1-5], aim to uncover its underling mechanism. A 
growing amount of research has been directed towards investigation of the ARCH [6] model and the GARCH 
[7] model of volume and volatility. Among the various proposed theories, the mixture of distributions 
hypothesis (MDH) is viewed to be an appealing explanation for the ARCH effect and has already experienced 
extensive empirical and theoretical examination by investigating the information flow interpretation [2, 8-9]. 
However, none of these studies consider the impact of interest rate on information flow interpretation. Early 
studies of interest rate only focus on the sensitivity of stock returns to changes in the level and volatility of 
interest rate [10-12]. 
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In this study, by employing high frequency data, we investigate the impact of interest rate on information 
flow interpretation on the background of rising period and fluctuating period of Shanghai Inerbank Offered 
Rate (SHIBOR). The reminder of the paper is organized as follows. Section 2 addresses the model setup. 
Section 3 presents the data description and the empirical results. Section 4 is concludes the study. 
2. Model setup 
The general GARCH model can be described by the following equations [9]: 
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where tr represents the rate of return, 1t is the mean tr conditional on past information, it denotes the i th 
minute equilibrium price increment in minute t , tn represents the stochastic rate at which information flows 
into the market, tp is the stock price, 1th is the conditional variance of 1t , tv is the trading volume, 
0 , , and are parameter vectors with appropriate dimensions, and t is the time index.  
The GARCH model allows for the rate of return to be determined by past squared residuals of the process. In 
line with [9], we also restrict the model specification to GARCH (1,1). For the reason that, GARCH (1,1) has 
been shown to be a parsimonious representation of conditional variance that adequately fits many economic 
time series [13]. A succinct measure of the persistence of variance as revealed by the sum of the coefficients of 
lagged squared residuals and lagged ARCH term, i.e. ( ) . As this summed coefficient approaches unity, 
the greater is the persistence to volatility.  
The focus of our tests is on the variance of returns conditional on the information flow. We choose trading 
volume as a measure of the amount of minute information that flows into the market. The reason is that trading 
volume and price are viewed as the fundamental building blocks of any theory of market interactions [13-14], 
and is also consistent with the sequential information models [15]. If the model specification is correct, the 
persistence of variance as measured by ( )  should become decrease when contemporaneous trading 
volume enters the conditional variance equation.  
3. Data and empirical results 
3.1 data description 
The sample consists of 28 actively traded stocks on ChiNext. These 28 stocks are debutants when China 
officially launched ChiNext on October 30, 2009. The rationale for using these stocks is that actively traded 
stocks are most likely to have a sufficiently large number of information arrivals to satisfy the conditions for 
the central limit theorem. The capital market data (one minute stock returns and trading volume) are obtained 
from the Wind financial database covering the calendar date from March 1st 2011 to February 29th 2012. The 
SHIBOR data are obtained from the official website (http://www.shibor.org/shibor/web/DataService.jsp). 
To investigate the impact of interest rate on information flow interpretation, we divide the time series into 
rising period and fluctuating period according to the SHIBOR. This is a possible way of future probing into the 
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complicated association of volatility dynamics. Figure 1 depicts the rising period (from March 1st 2011 to June 
30th 2011) and the fluctuation period (from July 31st 2011 to February 29th 2012). 
 
Fig. 1. SHIBOR in Rising Period and Fluctuating Period 
3.2 Properties of the data 
To employ the GARCH model appropriately, certain properties of the data have to be examined. The 
Lagrange Multiplier (LM) is used to test whether the error term is normal. Statistics for the test procedures are 
presented in Table 1. According to the figures in Table 1, more stocks in fluctuating period reject the normality 
assumption. This is not surprising, because this period is a turbulent period in interest rate. In section 3.3, only 
the stocks exhibit ARCH effect in both rising period and fluctuating period are considered.  
Table 1 Properties of data for the 28 Stocks in the Sample 
 Rising Period Fluctuating Period 
Stock  LM Pr>LM LM Pr>LM 
300001 0.768571 0.4637  50.06876  0.0000  
300002 0.141662 0.8679  39.55844  0.0000  
300003 23.67201 0.0000  33.75143  0.0000  
300004 0.602689 0.5473  147.11930  0.0000  
300005 2.080124 0.1249  82.80019  0.0000  
300006 41.73491 0.0000  3.44212  0.0011  
300007 41.18878 0.0000  103.81100  0.0000  
300008 1.054286 0.3485  74.67235  0.0000  
300009 1.469539 0.1808  30.47678  0.0000  
300010 1.754211 0.1731  68.54783  0.0000  
300011 18.36941 0.0000  19.20585  0.0000  
300012 1.848983 0.0856  127.83270  0.0000  
300013 38.62214 0.0000  45.29149  0.0000  
300014 0.843777 0.4301  14.69256  0.0000  
300015 51.2562 0.0000  0.96031  0.6436  
300016 3.437047 0.0638  105.36960  0.0000  
300017 24.88655 0.0000  17.93222  0.0000  
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300018 10.06171 0.0000  54.46184  0.0000  
300019 29.75478 0.0000  36.96461  0.0000  
300020 1.534104 0.0972  75.20279  0.0000  
300021 0.025465 0.9749  37.71705  0.0000  
300022 1.892476 0.1507  32.67755  0.0000  
300023 44.35799 0.0000  86.81149  0.0000  
300024 1.698709 0.1649  25.54180  0.0000  
300025 1.283584 0.2572  110.18330  0.0000  
300026 2.081977 0.1226  116.0544 0.0000  
300027 0.161748 0.8507  18.28822  0.0000  
300028 2.093884 0.1232 24.35164  0.0000  
Notes: LM is a Lagrange Multiplier test for normality under the null hypothesis that the coefficients of skewness and kurtosis are jointly 
equal to zero and three, respectively. The critical value at the 5% level is 5.99.  
3.3 Interpretation of the results 
Table 2 and Table 3 report the estimated coefficient for the GARCH (1,1)  model of rising period and 
fluctuating period, respectively. The results show that persistence in volatility as measured by ( ) is much 
smaller when is unconstrained than when is restricted to be zero. These results are highly support the 
hypothesis that lagged squared residuals contributes little in the case of any additional information about the 
variance of the stock return process [9]. The decreased rate for rising period and fluctuating period are 38.02% 
and 65.76% respectively. These results imply that the information flow interpretation power in fluctuating 
period is stronger than that in rising period. One possible reason is that volatility can be decomposed into 
separate components (good volatility and bad volatility, a continuously varying component and a discontinuous 
jump component). In fluctuating period, firm can have access to outside funding with less cost and become 
more willing to invest in risker projects as financial development improves [16]. The jump component 
command relatively larger risk due to interest rate [4] and the decreased volatility is mainly the good volatility 
due to the financial development and openness. 
Table 2 GARCH(1,1)  Model of Rising Period 
 Without volume With volume 
Stock         
300003 0.133377 0.794665 0.928042 0.208983 0.482295 0.000045 0.691278 
300006 0.130201 0.852924 0.983125 0.149043 0.706729 0.000200 0.855772 
300007 0.136107 0.847518 0.983625 0.157477 0.355242 0.000568 0.512719 
300011 0.113139 0.852133 0.965272 0.13144 0.77896 0.000068 0.910400 
300013 0.055298 0.93474 0.990038 0.018745 0.024476 0.003023 0.043221 
300017 0.082346 0.877858 0.960204 0.135707 0.485603 0.000129 0.62131 
300018 0.112852 0.841713 0.954565 0.160272 0.547129 0.000089 0.707401 
300019 0.096723 0.862338 0.959061 0.106148 0.787298 0.000121 0.893446 
300023 0.054042 0.919343 0.973385 0.123549 0.031118 0.003624 0.154667 
Mean 0.101565 0.864804 0.966369 0.132374 0.466539 0.000874 0.598913 
Median 0.112852 0.852924 0.965272 0.135707 0.485603 0.000129 0.691278
Notes: statistically significant at 5%. 
Table 3 GARCH(1,1)  Model of Fluctuating Period 
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Without volume With volume 
stock        
300003 0.06501 0.883467 0.948477 0.183033 0.400002 0.000126 0.583035 
300006 0.001567 0.615406 0.616973 0.032434 0.034746 0.004431 0.06718 
300007 0.099272 0.851946 0.951218 0.144903 0.265545 0.000556 0.410448 
300011 0.079501 0.788191 0.867692 0.155829 0.291425 0.000536 0.447254 
300013 0.100578 0.865104 0.965682 0.071698 0.011432 0.004535 0.08313 
300017 0.080398 0.884798 0.965196 0.153269 0.25864 0.000217 0.411909 
300018 0.082582 0.85585 0.938432 0.149438 0.399735 0.000238 0.549173 
300019 0.09672 0.830995 0.927715 0.099868 0.027705 0.003016 0.127573 
300023 0.073292 0.865663 0.938955 0.091553 0.008921 0.004494 0.100474 
Mean 0.075436 0.826824 0.90226 0.120225 0.188683 0.002017 0.308908
Median 0.080398 0.85585 0.938955 0.144903 0.25864 0.000556 0.410448
Notes: statistically significant at 5%. 
4. Conclusions 
This paper studies the impact of interest rate on information flow interpretation on the background of rising 
period and fluctuating period. The different results suggest that the components of volatility are subject to 
macroeconomic factor. In addition to empirical findings, some tentative explanations are given to expound the 
results. Since, trading volume only represents a part of information; open source information can be applied to 
study the information flow interpretation. We leave this for future research. 
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